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Abstract

Precise geospatial vegetation forecasting holds potential
across diverse sectors, including agriculture, forestry, hu-
manitarian aid, and carbon accounting. To leverage the
vast availability of satellite imagery for this task, various
works have applied deep neural networks for predicting
multispectral images in photorealistic quality. However,
the important area of vegetation dynamics has not been
thoroughly explored. Our study introduces GreenEarthNet,
the first dataset specifically designed for high-resolution
vegetation forecasting, and Contextformer, a novel deep
learning approach for predicting vegetation greenness from
Sentinel 2 satellite images with fine resolution across Eu-
rope. Our multi-modal transformer model Contextformer
leverages spatial context through a vision backbone and
predicts the temporal dynamics on local context patches
incorporating meteorological time series in a parameter-
efficient manner. The GreenEarthNet dataset features a
learned cloud mask and an appropriate evaluation scheme
for vegetation modeling. It also maintains compatibil-
ity with the existing satellite imagery forecasting dataset
EarthNet2021, enabling cross-dataset model comparisons.
Our extensive qualitative and quantitative analyses reveal
that our methods outperform a broad range of baseline
techniques. This includes surpassing previous state-of-the-
art models on EarthNet2021, as well as adapted models
from time series forecasting and video prediction. To the
best of our knowledge, this work presents the first mod-
els for continental-scale vegetation modeling at fine reso-
lution able to capture anomalies beyond the seasonal cycle,
thereby paving the way for predicting vegetation health and
behaviour in response to climate variability and extremes.
We provide open source code and pre-trained weights to re-
produce our experimental results under https://gith
ub.com/vitusbenson/greenearthnet [10].
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Figure 1. GreenEarthNet approach (map shows sample locations).

1. Introduction

Optical satellite images have been proven useful for mon-
itoring vegetation status. This is essential for a variety of
applications in agricultural planning, forestry advisory, hu-
manitarian assistance or carbon monitoring. In all these
cases, prognostic information is relevant: Farmers want to
know how their farmland may react to a given weather sce-
nario [83]. Humanitarian organisations need to understand
the localized impact of droughts on pastoral communities
for mitigation of famine with anticipatory action [49]. Af-
forestation efforts need to consider how their forests react
to future climate [71]. However, providing such prognostic
information through fine resolution vegetation forecasts is
challenging due to ecological memory effects [35], spatial
interactions and the influence of weather variations. Deep
neural networks can model relationships in space, time or
across modalities. Hence, their application to vegetation
forecasting given a sufficiently large dataset seems natural.
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So far, deep learning for vegetation forecasting can be
roughly grouped into two categories. 1) global forecast-
ing, using low-resolution data from satellites like AVHRR
and MODIS [8, 30, 35, 37, 46, 65, 92], which overlooks
pixel-level heterogeneity. 2) Local forecasting, utilizing
high-resolution imagery from satellites like Sentinel 2 and
Landsat [17, 33, 60, 61, 68, 75], which aims to capture field-
scale heterogeneity: a grassland will react different to a for-
est, two neighbouring fields can have almost opposite dy-
namics depending on the type of crops (e.g. winter wheat
vs. maize), and vegetation on a north-facing slope close to
a river is more resilient to drought stress than on a rocky
south-facing slope. However, aforementioned local fore-
casting approaches have focused mainly on perceptual im-
age quality instead of vegetation dynamics, which renders
their suitability for vegetation forecasting uncertain.

In this study, we tackle continental-scale vegetation fore-
casting by predicting vegetation greenness at 20m reso-
Iution based on coarse-scale weather data (Fig. 1). For
this, we introduce the GreenEarthNet dataset, comprising
Sentinel 2 satellite image time series and a high quality
deep learning-based cloud mask, which allows to distin-
guish between anomalies due to data corruption and those
due to meteorological and anthropogenic influence. Gree-
nEarthNet maintains consistency with the EarthNet2021
dataset in training locations and spatiotemporal dimensions,
facilitating the reuse of leading models such as ConvL-
STM [17], SGED-ConvLSTM [33] and Earthformer [22]
for vegetation forecasting. Essentially, GreenEarthNet rep-
resents an enhanced version of EarthNet2021, addressing
its shortcomings and enabling multi-modal learning for
geospatial vegetation forecasting. To advance state-of-the-
art on the new dataset, we introduce the Contextformer, a
lightweight transformer model incorporating spatial inter-
actions through a Pyramid Vision Transformer [78, 79] and
temporal dynamics modeling using a temporal transformer
encoder. Additionally, it incorporates a delta-prediction
scheme to prioritize persistence from an initial observation.

Our major contributions can be summarized as follows.

(1) We present the GreenEarthNet dataset, the first large-
scale dataset suitable for prediction of within-year vegeta-
tion dynamics, including a learned cloud mask and a new
evaluation scheme.

(2) We introduce the Contextformer, a novel multi-modal
transformer model suitable for vegetation forecasting, lever-
aging spatial context through its vision backbone, and fore-
casting the temporal evolution of small context patches with
a temporal transformer.

(3) We compare the Contextformer against a previously
unseen variety of state-of-the-art models from related tasks
and find it outperforms all of them across metrics.

2. Related Work

Vegetation forecasting There is a growing interest in veg-
etation growth forecasting driven by the democratization
of machine learning techniques, the availability of remote
sensing data, and the urgency to address climate change
[15, 21, 31, 38]. Numerous studies in vegetation model-
ing use coarse resolution data from satellites like AVHRR
or MODIS [30, 35, 37, 46, 92]. Since 2015, Sentinel-2 has
provided high-resolution satellite imagery (up to 10m), en-
abling more localized modeling. The introduction of Earth-
Net2021 [60] marked the first dataset for self-supervised
Earth surface forecasting, which contains predicting satel-
lite imagery and derived vegetation state with a focus on
perceptual quality. Subsequently, the ConvLSTM model
[66] has been widely used for satellite imagery prediction
[1, 17, 33,45, 61], hence we are including it as a baseline.

Spatio-temporal learning Learning spatio-temporal dy-
namics (as in the case of vegetation forecasting) is a chal-
lenge across many disciplines. Often, temporal dynamics
dominate, so local time series models can be effective. For
instance in traffic, weather or electricity forecasting, time
series models such as LSTM [28], Prophet [74], Autoformer
[84] or NBeats [91] yield useful performance. Still, of-
ten spatial interactions are important or at least offer addi-
tional predictive capacity. For instance in video prediction,
ConvNets [6, 23], ConvLSTM [66], ConvLSTM successors
[81, 85], PredRNN [80, 81], SimVP [73] and transform-
ers [22, 24, 50] have been found skillful. Often, the neces-
sity of modeling the spatial component translates to Earth
science: spatio-temporal deep learning is being applied
for precipitation nowcasting [57, 67], weather forecasting
[11, 36, 53], climate projection [52], and wildfire modeling
[34]. Hence, when evaluating our Contextformer model,
we need to do so against strong baselines from video pre-
diction [22, 66, 73, 81], as a priori one might expect them to
outperform also on vegetation forecasting. However, vege-
tation forecasting does present some unique challenges, it
builds upon multi-modal data fusion and requires capturing
across-scale relationships (in time and space), which may
prove challenging for existing video prediction models and
thus interesting to the computer vision community.

Multi-modal transformers for data fusion Levering
remote sensing data often means multi-modal data fusion.
Recently, machine learning methods have shown significant
advancements in fusing different satellite sensors compared
to traditional approaches [3, 16, 39, 69, 82]. This includes
recent work on combining Sentinel 2 and SAR data to im-
pute cloudy Sentinel 2 images [48, 77, 88]. Gapfilling veg-
etation time series could also be done with the models pre-
sented in this study, as they leverage meteorology to inform
the imputation [70]. However, as gapfilling is just done
in retrospective, one should rather resort to complementary
satellite data like SAR.
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Figure 2. The architecture of our proposed Contextformer.

Transformers [76] offer a compelling approach to handle
multi-modal data [29]. Their efficacy in remote sensing has
been shown multiple times [12, 22, 44, 75]. In particular,
geospatial foundation models [12, 47, 58, 68, 75, 89] make
use of this approach, often through masked token model-
ing [25] with Vision Transformers (ViT, [19]). Our Con-
textformer differs from geospatial foundation models by fo-
cusing specifically on vegetation forecasting and only utiliz-
ing a pre-trained vision transformer as vision backbone.

3. Methods
3.1. Task

We predict the future NDVI, a remote sensing proxy of veg-
etation state (V* € RE*W t € [T +1,T + K]) conditioned
on past satellite imagery (X! € R¥*W t ¢ [1,T)), past
and future weather (C* € R,t € [1,T + K]) and static
elevation maps (£ € R7*W) Hence, denoting a model
f(.; 0) with parameters 6, we obtain vegetation forecasts as:

VT+1:T+K _ f(Xl:T701:T+K,E;9) (1)

In this paper most models are deep neural networks, trained
with stochastic gradient descent to maximize a Gaussian
Likelihood. More specifically, the optimal parameters 6*
are obtained by minimizing the mean squared error over
valid pixels V! = V' © M, © My, where Mg €
{0, 1}17XW masks pixels that are cloudy, cloud shadow or
snow, My, € {0,1}#*W masks pixels that are not crop-
land, forest, grassland or shrubland and ® denotes elemen-
twise multiplication. Hence the training objective (leaving
out dimensions for simplicity) is

—V2eoMooM
9*:argmin2(v V) 0 Mg © M,
0 ZMQ@ML
In this work H = W = 128px, T' = 10 and K = 20.

(@)

3.2. Our proposed Contextformer model

To tackle the vegetation forecasting task, we develop the
Contextformer, a multi-modal transformer model operating
on local spatial context patches (hence the name). Next to
historical satellite imagery, it leverages an elevation map
and meteorological data to predict vegetation status.

Overview Our proposed Contextformer adopts an
encode-process-decode [9] setup. Encoders and decoders
work spatially without temporal fusion, while the proces-
sor temporally translates latent features in local context
patches. It includes meteo and vision encoders, a tempo-
ral transformer processor, and a decoder predicting the delta
from the last cloud-free NDVI observation (see Fig. 2).

Encoders The meteo encoder (for weather) and the
delta decoders are parameterized as multi-layer perceptrons
(MLPs) (Fig. 2 red boxes). For the vision encoder (Fig. 2
yellow boxes), we follow the MMST-ViT model for crop
yield prediction [40] and use a Pyramid Vision Transformer
(PVT) v2 BO [78, 79], which is particularly suitable for
dense prediction tasks. It divides the images of each time
step into patches of 4 x 4 px and then creates patch-wise
embeddings with a global receptive field. We merge multi-
scale features from all stages of an ImageNet pre-trained
PVT v2 B0, upscale them, concatenate and project. The
features for each image stack (satellite & elevation) contain
uni-temporal multi-scale and spatial context information.

Masked Token Modeling During training, we imple-
ment masked token modeling [25], randomly switching
(p = 0.5) between inference mode (dropping all patches
for time steps 10 to 30) and random dropout mode (masking
70% of patches for time steps 3 to 30). At test time, only in-
ference mode is used to prevent exposure to future images.
Cloudy patches are removed using the cloud mask. After
replacing the masked values with a learned masking token,
each patch receives sinusoidal temporal positional encoding
[75] and weather embeddings from the meteo encoder.
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Processor The temporal transformer (Fig. 2 green box)
processes patches in parallel across 30 time steps, but spa-
tially only within each 4 x 4 px patch. The idea here is that
for ecosystem processes, spatial context is crucial but does
not change dynamically. To address Sentinel 2’s sub-pixel
inaccuracies causing slight shifts over time, we maintain a
small local context (4 x 4 px) within the temporal encoder.
This approach substantially reduces memory usage during
training (by 16x), allowing for larger batch sizes. Our im-
plementation of the temporal transformer follows Presto’s
transformer encoder [75], based on the standard ViT [19].

Output Our Contextformer exploits vegetation dynam-
ics persistence by predicting deviations from an initial state.
More specifically, we use the last cloud-free NDVI obser-
vation from the historical period (10 time steps) as the ini-
tial prediction V0. Then, the delta decoder predicts a de-
viation % for each future period token embedding (Fig. 2
right side). The final NDVI prediction is computed as
Vi = V9 4§ SGED-ConvLSTM [33] employed a sim-
ilar delta framework, but predicting deviations iteratively,
which in our multi-step prediction setting would result in
cumulative outputs with undesirable training gradients.

3.3. GreenEarthNet Dataset

We present GreenEarthNet, a tailored dataset for high-
resolution geospatial vegetation forecasting. It contains
spatio-temporal minicubes [41], that are a collection of 30
5-daily satellite images (10 historical, 20 future), 150 daily
meteorological observations and an elevation map. Spatial
dimensions are 128 x 128px (2.56 x 2.56km). To enable
cross-dataset model comparisons, we re-use the training lo-
cations and predictor dimensions from the EarthNet2021
[60] dataset for Earth surface forecasting.

Satellite and Meteo Layers GreenEarthNet includes
Sentinel 2 [43] satellite bands blue, green, red, and near-
infrared at 20m (consistent with EarthNet2021) and E-OBS
[13] interpolated meteorological station data, which rep-
resents high quality meteorology over Europe [7]. More
specifically, the meteorological drivers wind speed, rela-
tive humidity, and shortwave downwelling radiation, along-
side the rainfall, sea-level pressure, and temperature (daily
mean, min & max) are included. To enable reproducible
research and minicube generation anywhere on Earth, we
open source a Python package called EarthNet Minicuber',
which generates multi-modal minicubes in a cloud native
manner: only downloading the data chunks actually needed,
instead of a full Sentinel 2 tile.

Cloud mask Vegetation proxies derived from optical
satellite imagery are only meaningful if observations with
clouds, shadows and snow are excluded such that anomalies
due to clouds can be distinguished from vegetation anoma-
lies. We train a UNet with Mobilenetv2 encoder [64] on the

lhttps://pypi.orq/project/earthnetfminicuber/

Works /w

Algorithm GreenEarthNet Prec Rec Fl

Sen2Cor Yes 0.83 0.60 0.70
FMask No 0.85 0.85 0.85
KappaMask No 0.74 0.88 0.81
UNet RGBNir Yes 091 090 0.90
UNet+Sen2CorSnow  Yes 0.83 0.93 0.88
UNet 13Bands No 094 0.92 0.93

Table 1. Precision, recall and F1-score of different Sentinel 2 cloud
masking algorithms.

CloudSEN12 dataset [4] to detect clouds and cloud shadows
from RGB and Nir bands. Tab. 1 compares precision, re-
call and F1 scores for detecting faulty pixels. Our approach
outperforms Sen2Cor [43] (used in EarthNet2021), FMask
[55] and KappaMask [18] baselines by a large margin. If
using Sen2Cor in addition, to allow for snow masking, pre-
cision drops, but recall increases: i.e. the cloud mask gets
more conservative. Using all 13 Sentinel 2 L2A bands is
better than just using 4 bands, however such a model is not
directly applicable to GreenEarthNet.

Test sets Due to meso-scale circulation patterns, weather
has high spatial correlation lengths. For GreenEarthNet, we
design test sets ensuring independence not only in the high-
resolution satellite data but also in the coarse-scale meteo-
rology between training and test minicubes. More specifi-
cally, we introduce the subsets
* Train, 23816 minicubes in years 2017-2020
* Val 245 minicubes close to training locations, year 2020
* OOD-t test same locations as Val, years 2021-2022
e OOD-s test, 800 minicubes stratified over 1° x 1° lat-lon

grid cells outside training regions, years 2017-2019

* OOD-st test same as OOD-s, but years 2021-2022

OOD-t serves as the primary test set, assessing the mod-
els’ ability to extrapolate in time. Similarly, val enables
early stopping based on temporal extrapolation skill. OOD-
s and OOD-st assess spatial and spatio-temporal extrap-
olation respectively. These test sets align with Earth-
Net2021: Val/OOD-t locations overlap with EarthNet2021
IID tests, while OOD-s/OOD-st locations are distant from
EarthNet2021 training data. Minicubes are created for
four periods during the European growing season [63]
each year: March-May (MAM), May-July (MJJ), July-
September (JAS), and September-November (SON).

Additional Layers We add the ESA Worldcover Land-
cover map [90] for selecting only vegetated pixels dur-
ing evaluation, the Geomorpho90m Geomorphons map [2]
for further evaluation and the ALOS [72], Copernicus [20]
and NASA [14] DEMs, to provide uncertainty in the ele-
vation maps. Finally, we provide georeferencing for each
minicube, enabling their extension with further data.
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Figure 3. Qualitative Results of Contextformer for one OOD-t minicube located near Oradea, Romania. The top-left shows timeseries for
all pixels (mean and std. dev.) and for a single pixel (green square on top right). The right side shows image timeseries of cloud-masked

target and predicted NDVI alongside their difference.

3.4. Evaluation

We resort to traditional metrics in environmental modeling:

* 2, the squared pearson correlation coefficient
* RMSE, the root mean squared error
MSE(V,V)
Var[V]
[51], a measure of relative variability
« |bias| = [V — V|, the absolute bias

* NSE =1 — , the nash-sutcliffe efficiency

In addition, we propose to measure if a model is better than
the NDVI climatology, by computing the Outperformance
score: the percentage of minicubes, for which the model is
better in at least 3 out of the 4 metrics. Here, better means
their score difference (ordering s.t. higher=better) exceeds
0.01 for RMSE and |bias| and 0.05 for NSE and R%. We
also report the RMSE over only the first 25 days (5 time
steps) of the target period.

We compute all metrics per pixel over clear-sky
timesteps. We then consider only pixels with vegetated
landcover (cropland, grassland, forest, shrubland), no sea-
sonal flooding (minimum NDVI > 0), enough observations
(> 10 during target period, > 3 during context period) and
considerable variation (NDVI std. dev > 0.1). All these
pixelwise scores are grouped by minicube and landcover,
and then aggregated to account for class imbalance. Finally,
the macro-average of the scores per landcover class is com-
puted. In this way, the scores represent a conservative es-
timate of the expected performance of dynamic vegetation
modeling during a new year or at a new location.
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3.5. Baselines

We evaluate Contextformer against diverse baselines, span-
ning non-ML methods, time series forecasting, top Earth-
Net2021 performers [60], classical models, and two cutting-
edge video prediction models. This selection aims to ad-
dress uncertainty in optimal models for vegetation fore-
casting, considering factors like spatial context relevance.
While existing spatio-temporal earth surface forecasting
models are strong baselines, recent advances in video pre-
diction, treating satellite image time series as video data,
may offer competitive advantages.

Non-ML baselines We evaluate three non-ML baselines
related to ecological memory: persistence [60] (last cloud
free NDVI pixel), previous year [61] (linearly interpolated)
and climatology (mean NDVI seasonal cycle).

Local time series models We compare against three
common time series models: Kalman filter, LightGBM [32]
and Prophet [74] from the Python library darts [27]. These
are trained on timeseries from a single pixel and applied to
forecast this pixel, given future weather as covariates. They
are expensive to run: a single minicube takes ~ 3h on an 8-
CPU machine, O(10%) slower than deep learning. We also
evaluate a global timeseries model: the LSTM (ConvLSTM
with 1x1 kernel). The time series models should be strong
if spatial interactions are less predictive for vegetation.

EarthNet2021 models We also evaluate the Top-3 mod-
els from the EarthNet2021 challenge leaderboard” using
their trained weights: a regular ConvLSTM [17], an encode-

Zhttps://web.archive.org/web/20230228215255/htt
ps://www.earthnet.tech/en2l/ch-leaderboard/
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Model R? 1 RMSE | NSE 1 |bias| |  Outperformt RMSE| #Params
Climatology 25 days

E Persistence 0.00 0.23 -1.28 0.17 21.8% 0.09 0
-~ Previous year 0.56 0.20 -0.40 0.14 19.3% 0.18 0
£ Climatology 0.58 0.18 -0.34 0.13 n.a. 0.16 0
£ Kalman filter 0.41 0.19 -0.57 0.13 27.0% 0.16 010y
5 LightGBM 0.51 0.17 -0.22 0.12 42.2% 0.11 n.a.
S Prophet 0.57 0.16 -0.05 0.11 60.6% 0.13 010
_ ConvLSTM [17] 0.51 0.18 -0.37 0.12 43.9% 0.12 0.2M
2 SG-ConvLSTM [33] 0.53 0.19 -0.33 0.14 45.8% 0.11 0.7M
“ Earthformer [22] 0.49 0.17 -0.27 0.12 47.2% 0.11 60.6M
. ConvLSTM [61] 0.58 £0.01 0.16 £0.00 -0.13 £0.02 0.11 £0.00 53.1% +1.2% 0.11 40.00 1.0M
8 Earthformer [22] 0.52 0.16 -0.13 0.10 56.5% 0.09 60.6M
&% PredRNN [81] 0.62 +£0.00 0.154000 0.03 £0.00 0.104+000 64.7% +1.2%  0.10 40.00 1.4M
£ SimVP [73] 0.60 £0.00 0.15 +£0.00 0.03 £0.01  0.09 £0.00 64.1% +1.0% 0.10 £0.00 6.6M
©  Contextformer (Ours)  0.62 +0.00 0.14 £0.00 0.09 001  0.09 000 66.8% +03% 0.08 +£0.00 6.1M

Table 2. Quantitative Results. Mean (£std. dev.) are computed from three different random seeds.

process-decode ConvLSTM called SGED-ConvLSTM [33]
and the Earthformer [22], a transformer model using
cuboid-attention.

Additionally, we train and fine-tune both the ConvLSTM
and Earthformer on GreenEarthNet. For the ConvLSTM,
we follow the original Shi et al. [66] encoding-forecasting
setup, which is different from ConvLSTM flavors studied
on EarthNet2021 [17, 33] but has demonstrated improved
performance on a similar problem in Africa [61]. We con-
dition the Earthformer [22] through early fusion during his-
torical steps and latent fusion during future steps.

Video prediction models We adapt PredRNN, SimVP,
and two UNet-based models. The next-frame UNet [56]
predicts one step ahead, while the next-cuboid UNet [60]
predicts all steps at once. PredRNN [80, 81] has improved
autoregressive information flow, and SimVP [73] performs
direct multi-step prediction. We enhance both with weather
conditioning using feature-wise linear modulation [54].

3.6. Implementation details

We build all of our ConvNets with a PatchMerge-style ar-
chitecture similar to Earthformer [22]. For SimVP and Pre-
dRNN, such encoders and decoders are more powerful, but
have slightly more parameters than in the original papers.
We use GroupNorm [86] and LeakyReLU activation [87]
for ConvNets and ConvLSTMs. For Contextformer, we use
LayerNorm [5] and GELU activation [26]. For ConvNets,
skip connections preserve high-fidelity. Our framework is
implemented in PyTorch, and models are trained on Nvidia
A40 and A100 GPUs. We use the AdamW [42] optimizer
and tune the learning rate and a few hyperparameters per
model. More implementation details can be found in the
supplementary materials.

4. Experiments
4.1. Baseline comparison

We conduct experiments for predicting vegetation state
across Europe in 2021 and 2022 at 20m resolution and
compare the Contextformer against a wide range of base-
lines. The quantitative results are shown in table 2. For
Contextformer, ConvLSTM, PredRNN and SimVP, we re-
port the mean (4std. dev.) from three different random
seeds. Earthformer has an order of magnitude more param-
eters, making training more expensive, which is why we
only report one random seed. We find the Contextformer
outperforms (or performs on par with) every baseline on all
metrics. It achieves R?> = 0.62 and 0.14 RMSE on the
full 100 days lead time, which is further improved to 0.08
RMSE during the first 25 days lead time. The closest com-
petitors are PredRNN and SimVP, with PredRNN having on
par R? = 0.62 and SimVP on par |bias| = 0.09.

The Contextformer and the other video prediction base-
lines trained in this study are the first models to outperform
the Climatology baseline: the ConvLSTM reaches 53.1%
outperformance score, while the Contextformer achieves
66.8% (with consistent ranking across thresholds, see sup-
plementary material). For the top-3 models (PredRNN,
SimVP and Contextformer) and all metrics, differences to
the climatology are highly significant when tested for all
pixels (with Wilcoxon signed-rank test, « = 0.001), but
also for each land cover or for smaller subsets of 100
minicubes. ConvLSTM and Earthformer have overall lower
skill. They mostly excels at RMSE and |bias|, where they
can perform similar to other methods, yet have way lower
performance for NSE and R?.
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Figure 4. Model performance comparing meteo-guided models
(blue) with the ablation not using weather (black bar is std. dev.
from three random seeds).

The models trained on EarthNet2021 (ConvLSTM [17],
SGED-ConvLSTM [33] and Earthformer [22]) perform
poorly. None of the approaches consistently beats the Cli-
matology, particularly the R? is much lower (from 0.49 for
Earthformer up to 0.53 for SGED-ConvLSTM). Likely, this
is a result of the focus on perceptual quality that was re-
flected in the EarthNet2021 metrics, as well as the overall
lower data quality due to a faulty cloud mask.

Finally, other local time series baselines and non-
ML baselines also underperform the Contextformer. The
strongest pixelwise model is Prophet [74], with an out-
performance score of 60.6%, followed by the climatology.
Note, all of these baselines have access to a lot more infor-
mation than the deep learning-based models (6 years vs. 50
days). Hence, this model comparison gives an indication,
that spatial context is useful for vegetation forecasting, but
leveraging them is challenging, as temporal dynamics are
more dominant. In addition, the local time series models
are all very slow, compared to the deep learning solutions
presented in this work, which perform predictions within
seconds (see supplementary material).

Qualitative results of the Contextformer model for one
minicube are reported in fig. 3. The model clearly learns
the complex dynamics of vegetation, with a strong seasonal
evolution of the crop fields. It interpolates faithfully those
pixels, which are masked in the target, and contains strong
temporal consistency. However, as the lead time increases,
predictions become less explicit, with a tendency towards
oversmoothing.

4.2. Weather guidance

Our meteo-guided models benefit from the weather condi-
tioning. Fig. 4 compares ConvLSTM, PredRNN, SimVP
and Contextformer (blue) against a variant without weather
conditioning (orange). For all metrics, using weather out-
performs not using it. The ConvLSTM has the largest per-
formance gain due to meteo-guidance, yet it is also the
weakest model. This could possibly be due to the ConvL-
STMs smaller receptive field and hence lower capacity at

Original  Shuffled

Model R? 1 R%2 1t Diff 1
Climatology 0.58 - -
1x1 LSTM 0.53 0.53 0.00
Next-frame UNet 0.51 0.48 -0.03
Next-cuboid UNet 0.56 0.43 -0.13
ConvLSTM 0.58 0.46 -0.12
PredRNN 0.62 0.45 -0.17
SimVP 0.60 0.49 -0.11
Contextformer 0.62 0.55 -0.07

Table 3. Model skill when spatial interactions are broken through
shuffling.

leveraging spatial context, which may to some degree com-
pensate predictive capacity from weather.

For PredRNN and SimVP, we conduct an extended ab-
lation study on weather guidance (see supplementary mate-
rial). Weather conditioning methods (concatenation, FiLM
[54], and cross-attention [62]) have a minor impact on per-
formance when applied appropriately: cross-attention is
most useful with latent fusion, FiLM outperforms concate-
nation, and is suitable for early fusion.

4.3. The role of spatial interactions

Unlike video prediction, satellite images show minimal spa-
tial movement. Field and forest boundaries remain mostly
fixed, with the largest variations occurring within these
edges over time. Hence, it is unclear whether spatio-
temporal models, accounting for interactions, are suitable
for modeling vegetation dynamics. However, at 20m res-
olution, lateral processes may occur, not captured by pre-
dictors. For example, grasslands near a river or on a
north-facing slope may react differently to meteorological
drought. Additionally, weather affects trees at the forest
edge differently from those in the center.

We compare model performance with spatially shuffled
input, i.e. explicitly breaking spatial interactions [59]. We
shuffle across batch and space, to also destroy image statis-
tics. We evaluate Contextformer, ConvLSTM, PredRNN,
and SimVP, skipping Earthformer due to high training cost.
In addition we also study three baselines: a pixelwise (1x1)
LSTM, the next-frame UNet and the next-cuboid UNet (see
sec. 3.5). The pixelwise LSTM is a global timeseries model
unable to capture spatial interactions. The next-frame UNet
models spatial interactions, but does not consider temporal
memory. All other models can leverage spatio-temporal de-
pendencies, though the ConvLSTM only has a small local
receptive field (~ 100m around each pixel). The results are
reported in tab. 3. As can be expected, the pixelwise LSTM
can be trained with spatial shuffled pixels without perfor-
mance loss. All other models, though, exhibit a drop in per-
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Ablation R?1 RMSE| Outperf 1

Climatology

MLP vision encoder 0.58 0.15 58.3%
PVT encoder (frozen) 0.57 0.17 46.1%
PVT encoder 0.62 0.15 62.3%
/w cloud mask token 0.61 0.16 61.8%
/w learned V9 0.62 0.16 60.6%
/w last pixel V° 0.62 0.15 65.1%
Contextformer-6M 0.62 0.14 66.8%
Contextformer-16M 0.61 0.14 67.3%

Table 4. Model ablations. The Contextformer uses aAPVT encoder,
a cloud mask token and the last cloud free pixel as V5.

formance under pixel shuffling. For Contextformer, ConvL-
STM, PredRNN and SimVP, R2 drops by at least 0.07 and
RM SFE increases by at least 0.04.

4.4. Ablation Study of Contextformer components

We conduct experiments to show how each key component
in our Contextformer affects predictive skill. Tab. 4 lists
the results of our ablation studies. First, we find that con-
tinued training of a pre-trained PVT vision encoder (out-
performance score 62.3%) outperforms both a MLP vision
encoder and a frozen pre-trained PVT. Second, adding the
delta-prediction scheme with an initial vegetation state esti-
mate VO constructed by the last historical cloud free NDVI
pixel further improves the outperformance to 65.1% — the
version directly predicting NDVI is PVT encoder. Instead
using a learned MLP decoder to estimate VO is inferior.
Third, using the cloud mask to drop out faulty tokens from
the PVT encoder decreases model skill, if used alone, but
if used on top of the delta-prediction scheme in the final
model Contextformer-6M, it gives another boost to 66.8%
outperformance. Finally, scaling the model size of the Con-
textformer to 16M parameters is not helpful when trained
on GreenEarthNet, indicating the need for an even larger
dataset for further performance gains.

4.5. Contextformer Strengths and Limitations

We assess the performance at spatio-(temporal) extrapola-
tion of the Contextformer on the OOD-s and OOD-st test
sets ( tab. 5). The Contextformer can extrapolate in space
and time. However, the margin to the climatology does
shrink. Additional training data could be beneficial. While
spatial extrapolation is theoretically not required for model-
ing vegetation dynamics (only temporal extrapolation is), it
can enhance inference speed and expand applicability over
larger areas. However, it is worth noting that certain loca-
tions may be harder to predict due to factors unrelated to
weather, e.g. anthropogenic influences (harvesting, fires).

0O0D-s OOD-st
Model R?2+ RMSE] R2t RMSE]
Climatology 050 0.5 056  0.19

Contextformer 0.54 0.15 0.58 0.14

Table 5. Model skill at spatial (OOD-s) and spatio-temporal
(OOD-st) extrapolation.

For practical applications another aspect needs to be
studied in future work: at inference time weather comes
from uncertain weather forecasts. Here, we first wanted
to learn the impact of weather on vegetation and thus took
the historical meteo data which has the least error. We ex-
pect the weather forecast uncertainty (represented by real-
izations / scenarios) to mostly propagate, but not present a
covariate shift larger than the inter-annual variability, which
our models are robust to (OOD-t evaluation).

5. Conclusion

We proposed Contextformer, a multi-modal transformer
model designed for fine-resolution vegetation greenness
forecasting. It leverages spatial context through a Pyramid
Vision Transformer backbone while maintaining parameter
efficiency. The temporal component is a transformer that in-
dependently models the dynamics of local context patches
over time, incorporating meteorological data. We addition-
ally introduce the novel GreenEarthNet dataset tailored for
self-supervised vegetation forecasting and compare Con-
textformer against an extensive set of baselines.

Contextformer outperforms the previous state-of-the-art,
especially on nash-sutcliffe efficiency and surpasses even
strong freshly trained video prediction baselines. To our
knowledge, we are the first to consider a climatology base-
line and outperforming it with models. Given the pro-
nounced seasonality of vegetation dynamics, this suggests
real-world applicability for our models, particularly the
Contextformer, in crucial scenarios like humanitarian an-
ticipatory action or carbon monitoring.
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